To avoid motion artefacts when merging multiple exposures into a high dynamic range image, a number of HDR deghosting algorithms have been proposed. However, these algorithms do not work equally well on all types of scenes, and some may even introduce additional artefacts. As the number of proposed deghosting methods is increasing rapidly, there is an immediate need to evaluate them and compare their results. Even though subjective methods of evaluation provide reliable means of testing, they are often cumbersome and need to be repeated for each new proposed method or even its slight modification. Because of that, there is a need for objective quality metrics that will provide automatic means of evaluation of HDR deghosting algorithms. In this work, we explore several computational approaches of quantitative evaluation of multiexposure HDR deghosting algorithms and demonstrate their results on five state-of-the-art algorithms. In order to perform a comprehensive evaluation, a new dataset consisting of 36 scenes has been created, where each scene provides a different challenge for a deghosting algorithm. The quality of HDR images produced by deghosting method is measured in a subjective experiment and then evaluated using objective metrics.
gorithms (Sen et al. [14] , Silk and Lang [16] , Hu et al. [15] , Photomatix Pro (version 4.2.6) 120 and Photoshop CS5 Extended (version 12.0).
We assess the performance of following objective metrics: perceptually uniform peak signal-to-noise ratio (PU2PSNR) [29] , perceptually uniform structural similarity index met-125 ric (PU2SSIM) [29] , Weber root mean square error (Weber RMSE), HDR-VDP-2 (version 2.2.1) [21] , unified deghosting quality metric (UDQM) [18] , and Liu et al.'s (LR) objective equality metric [26] for motion deblurring.
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• Measurement of the success of objective quality metrics by performing subjective evaluation of five algorithms to test whether they can be used to predict deghosting artefacts. The most reliable metric is then selected by comput- In particular, the extensions and changes as compared to the conference paper [28] paper are the 140 following:
• Addition of one more objective quality metric (i.e. UDQM [18] ) to the assessment.
• Addition of summary of noted comments about HDR image deghosting algorithms from ob-145 servers during the subjective experiments (Table 3).
• In addition to analyzing subjective experiment results by scaling the pairwise comparison data in Just-Noticable-Difference (JND) units, the 150 results of the subjective experiments were also used to compute statistical significance of the differences between the algorithms by performing multiple comparison test (Figures 3 and 4 ).
• Spearman and Pearson correlation scores 155 where computed for each scene category by grouping JND values across image sets, and computing correlation with each objective quality metric results, which were also grouped across image sets for each scene category. For 160 completeness, we also computed the correlation scores for each scene.
• Reconstruction of motion pixels algorithms: 205 such algorithms align detected objects in motion by searching for the best corresponding pixels in other exposures. Two approaches in finding these correspondences are optical-flow based approach [34, 35] , and a patch-based ap-210 proach [14, 15] . In general, these algorithms are computationally expensive, due to the intensive pixel or patch-based operations.
• Completely removing moving objects from the scene algorithms: these algorithms distinguish 215 moving objects from the static background.
The easiest approach is simply to discard motion pixels in HDR merging phase.
In this work we evaluate state-of-the-art algorithms that belong to the moving object algorithms, 220 in particular, the methods that fall into the first two categories of such algorithms (i.e. rejection of ghost regions algorithms and reconstruction of motion pixels algorithms). This section provides a brief overview of evaluated HDR deghosting meth-225 ods. Please refer to the state-of-the-art report [17] for a comprehensive review of approximately 50 HDR deghosting algorithms. In their study, the authors also perform a subjective evaluation of various state-of-the-art algorithms: Grosch [36], Khan 230 et al. [37] , Sen et al. [14] , Silk and Lang [16] , Hu et al. [15] . Since the algorithm by Grosch [36] did not perform well in their evaluation, we did not include it in our study. Because Khan et al. algorithm removes moving objects, the results could not 235 be compared with the reference image (containing those objects in motion) and therefore the method could not be assessed with our existing dataset.
The remaining three algorithms Sen et al. [14] , Silk et al. [16] , Hu et al. [15] , are included in our eval-240 uation. Furthermore, we also add to our evaluation two widely used HDR deghosting algorithms integrated into commercial software packages: Photomatix Pro (version 4.2.6) and Photoshop CS5 Extended (version 12.0). An HDR image generated by 245 merging a sequence of RAW images using Robertson et al. method [38] without deghosting is also included in the evaluation as a control condition.
Sen et al.'s [14] algorithm is a patch based method that deals with dynamic scenes with vary- 
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The first term uses the most well exposed pixels from the reference image. The second term constraints the ill exposed pixels from the reference image to match other exposures by applying a modified bidirectional similarity energy function (EM-260 BDS), which is based on BDS proposed by Simakov et al. [39] . The two terms are balanced by applying per pixel weighting. The weights of ill exposed pixels in the reference image are decreased, whereas the weights of the pixels in the second term are in- In this paper, we assess the performance of sev-360 eral objective quality metrics to test whether they can be used to predict the quality of HDR deghosting algorithms: PU2PSNR, PU2SSIM [29] , HDR-VDP2 [21] , Weber RMSE, UDQM [18] and LR [26] metrics. The first four metrics are full-reference 365 metrics, UDQM is a reduced reference metric and LR metric is a no-reference metric designed for evaluating motion deblurring. Since most common deblurring artefacts identified by Liu et al. [26] are very similar to the artefacts that may be gener-370 ated by HDR deghosting methods [24] we also included this metric in our assessment. Additionally, we also tested the performance of LR metric as a full-reference metric (using a deghosted and a reference images as inputs to the metric, rather than the 375 ghosted and deghosted images which are inputs into Liu's no-reference metric.). Only the performance of Liu et al.'s no-reference metric has been considered in [18] for evaluating multi-exposure HDR images generated by HDR deghosting methods, how-380 ever the performance of remaining metrics for evaluation of HDR deghosting algorithms has not been studied yet.
PU2PSNR and PU2SSIM are extensions of two popular quality metrics PNSR and SSIM [42] . The PSNR is computed as:
where x and y correspond to the pixel values in the reference, and reconstructed image respectively.
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peak refers to the maximum luminance value, and MSE refers to the mean square error between two input images. Lower the MSE, higher the PSNR, and thus better the quality of the reconstructed image.
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SSIM is another widely used quality metric: indicates high probability, green color low probability). Probability map produces the probability of detection map, which shows where and how likely a difference between two images will be noticed by an observer. Difference map shows the 435 contrast-normalized per-pixel difference weighted by the probability of detection. For quality differences, the metric produces a mean-opinion score ('Q' score) which computes the quality degradation of a test image with respect to the reference image.
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Recently, Tursun et al. [18] proposed an objective quality metric, UDQM, specially designed for evaluating HDR deghosting algorithms. The metric is a reduced reference metric whose inputs are a sequence of multi-exposures, acquisition settings (ex- The proposed metric is than trained to obtain the optimal weights for each selected feature.
Dataset
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Since algorithm performance may be scene dependent, we created a dataset particularly designed to provide a comprehensive set of challenging scenes for evaluating deghosting algorithms. In and hence the deghosting process, more difficult.
Dynamic range of our captured HDR ground truth images ranges from 2.42 − 3.89 orders of magnitude (see Table 2 ). It is measured as the logarithm of the ratio between the brightest multi-exposure stack for each scene (see Table 1 )
Complete dataset containing both RAW and JPG images is available for the research community [44] .
Acquisition
Scenes marked with * in Table 1 
Results
Subjective experiment results
The results of the subjective experiments were analyzed by estimating which portion of the pop- than Photomatix' method in 22 out of 36 scenes.
Objective metric results
To measure the success of objective quality metrics, the metric prediction error was determined by
Spearman (ρ) and Pearson (r) correlation coeffi-
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cients computed between subjective experiment results scaled in JND units and objective quality metrics' values.
To compute Spearman and Pearson correlation scores, for each scene category (see Table 1 ), we for another scene. Because of that, we were able to compute metric correlation values only separately for each scene in our prior conference paper [28] .
To be able to compute a single correlation score across all scenes, in this work we adjust the JND values for each scene to so that they are comparable across all scenes. To do this, we introduce an offset o k when fitting the logistic function:
where x are objective metric outputs, a 0 , a 1 , and a 2 are the logistic function parameters that deter- An example of logistic function fitting is displayed in Figure 11 . Values highlighted bold in Table 4 represents statistically significant Spear- scenes correlation was used. Table 9 shows the aggregate results for each scene category, where values are averaged across image sets using the computed per scene correlations displayed in Tables 5 -8 .
The results shown in all correlation tables (i.e.
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Tables 4 -9) show that HDR-VDP-2 metric has the highest correlation scores for almost all scenes. One of the emerging patterns for full reference metrics is that in general, all metrics except the HDR-VDP-2, show weak correlation for the small-object-small-800 motion (sosm) scene. Even HDR-VDP-2 metric has the lowest correlation score for this scene in image set 1 (Table 5 ) and image set 2 (Table 6) , when compared to HDR-VDP-2 scores of other scenes.
In particular for complex motion scenes, as well as
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for scenes with large displacements of large objects, the correlation results of full reference metrics are higher than for small motion displacements and motion of small objects. This suggest that human eye may not be as sensitive to these small pixel changes 810 as computational metrics. Figure 12 shows the graph for HDR-VDP-2 'Q' results (higher the values, the better). These re- 
Discussions and Conclusions
This paper is an extended version of our conference paper [28] , where subjective and objective assessment of five state-of-the-art HDR deghosting artefacts generated by evaluated HDR deghosting algorithms.
We created a comprehensive dataset that can be used to evaluate multi-exposure HDR deghosting algorithms. Because algorithm performance may After subjective evaluation, a set of 6 suitable objective metrics were evaluated to test whether they 950 can be used to assess HDR deghosting algorithms.
To measure the success of objective quality metric results, Spearman and Pearson correlation coefficients between subjective and objective scores were computed by bootstrapping.
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We found that existing full-reference image qual- our dataset can be attributed to the human visual system model around which the metric is built.
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The main limitation of the full-reference metrics is that they require reference ground truth images, which are typically not available for multi-exposure sequences. The non-reference metric, UDQM, is free from this limitation and it can be used in 970 cases where full-reference metrics are not applicable, such as Khan et al.'s method, which removes moving objects. However, we found that UDQM correlates poorly with our subjective data. Figure   14 demonstrates an example where the results of
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UDQM have low correlation with perceived subjective image quality. One reason for low correlation of UDQM metric could be due to over-training and limited cross-validation used to validate this metric. 
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